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Available online 4 March 2016This paper presents the comparison of three global soil moisture products (ASCAT, AMSR and SMOS) versus a
land surface model over a region representative of several Mediterranean landscapes located in the Northeast
of the Iberian Peninsula. Our approach has been for agricultural and water management applications at the re-
gional and local scale. Despite being a rather small area, we were able to observe different signal behaviours cor-
responding to major land cover classes in Mediterranean areas i.e.: dryland and irrigated crops, forests and
natural vegetation (grass-shrubs). The area also allowed assessing the impact of topography. The ﬁrst result of
the study is that the results are very dependent on the normalizations used to make the data comparable, thus
their impact must be carefully analysed. In this study, we applied two different normalisation methods (called
ZV35 and ZV) and different moving average windows (1, 10 and 30 days) in order to enhance seasonal effects.
Using no smoothing window, ASCAT is the soil moisture product that correlates best with the LSM over all
cover classes, whatever the method. Using smoothing window, AMSR-E tends to outperform other soil moisture
products with the ZV method. The ZV35method is not able to identify a small heavily irrigated area. The reason
for these different results is that ZV35, tends to eliminate the monthly scale soil moisture memory and therefore
becomes more sensitive to precipitation and less sensitive to the monthly evolution of superﬁcial soil moisture.
The comparison shows in general good agreement for all soil moisture products with the LSM on the temporal
series simulated over ﬂat, non irrigated areas which are not close to the sea. SMOS has difﬁculties in areas
close to the sea and in areas with steep relief and the current version of the L2 Operational Algorithm (V5.51) de-
picts few values in forested areas. ASCAT, in its turn, shows some limitations over agricultural and natural vege-
tation where it shows an increase of soil moisture from June to October probably due to increase of penetration
depth in dry soilmoisture conditions. AMSR-E LPRMshows a clear vegetation cycle over all the land cover classes.
From all the remote sensing products, SMOS is the only one able to see irrigation and the only that does not show
clear vegetation or roughness effects. In this study, we were able to assess the impact of higher resolution soil
moisture products to map irrigated areas.
© 2016 The Authors. Published by Elsevier Inc. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).Keywords:
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Irrigation1. Introduction
Soil moisture is a critical variable inmany physical processes related
to agriculture, hydrology, meteorology or climatology. This is especially
true in the Mediterranean context, where soil moisture is often a limit-
ing factor and thus affects the soil–atmosphere coupling and the charac-
teristics of land processes such as droughts and ﬂoods. Unfortunately,
this variable is not widely observed in situ, so we lack data on its time
evolution and spatial structure. Remote sensing and land-surface
modelling have been used to overcome such limitation. These tech-
niques are very useful because they provide comprehensive data over
large surfaces. However, both have limitations.orihuela).
. This is an open access article underIn the remote sensing domain, soil moisture (SM) has been a chal-
lenging variable. Microwave brightness temperature is sensitive to soil
moisture because water in soils has a large impact on soil dielectric con-
stant. The lower themicrowave frequency, the higher the relative sensi-
tivity of brightness temperature to soil moisture and at the same time
the lower the sensitive to vegetation and other perturbing factors such
as roughness and atmospheric disturbances such as cloud liquid water
or integrated water vapour. Therefore L-band microwave radiometry
is among the best ways to estimate soil moisture by remote sensing.
(Kerr, 2007).
Recent technical developments have allowed theoutgrowth of space
borne L-bandmicrowave radiometry. Thanks to that, currently two new
satellite missions, the Soil Moisture and Ocean Salinity (SMOS)
launched November 2nd, 2009 (Kerr et al., 2010) and the Soil Moisture
Active Passive (SMAP) launched January, 31st 2015 (Entekhabi et al.,
2010) provide global mapping of surface soil moisture based onthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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linity retrieval from radiometric measurements at L-band, Aquarius
launched on June 10th 2011 and operational until June 7th, 2015, has
also shown to be able to deliver soil moisture products (Bindlish et al.,
2015). The global Water Cycle Observation Mission (WCOM) to be
launched before 2020 will provide continuity to L-band satellite radi-
ometry measurements (Shi et al., 2014).
On the other hand, algorithm development has also allowed the
emergence of global soil moisture datasets from other instruments
which were not optimized for soil moisture retrieval. The ﬁrst available
global soil moisture dataset was derived from scatterometer measure-
ments in 2002 (Wagner et al., 2003). Shortly after, with the launch in
2002of the AdvancedMicrowave ScanningRadiometer— EarthObserv-
ing System (AMSR-E) on-board Aqua another global soil moisture
dataset was available. AMSR-E is amulti-channel passivemicrowave in-
strument that measures brightness temperatures at ﬁve frequencies in
the range of 6.9 to 89 GHz (Njoku et al., 2003). Several algorithms to es-
timate soil moisture from AMSE-E data exist, they commonly use the
lower available frequencies (6.9, 10.7, and 18.7 GHz) because of their
higher sensitivity to soil moisture.
Although backscatter data from active sensors have potential to
monitor soil moisture, there is currently no operational soil moisture
product from SAR active microwave. This is notably due to the difﬁculty
to model in time and over extended areas the impact of vegetation
cover/structure and surface roughness on the backscatter signal and
thus the need for site-speciﬁc calibration. Currently, the only active
global soil moisture dataset is derived from the backscatter measure-
ments acquired by the Advanced SCATterometer (ASCAT) at C-band.
ASCAT was designed to observe wind speed and direction over the
oceans but has been shown to be useful to measure large-scale soil
moisture (Wagner et al., 2013).
The availability of such a variety of Soil Moisture datasets has awak-
en the interest of the scientiﬁc community and caused an increment in
the number of studies comparing their strengths and limitations.
Brocca et al. (2011) compared ASCAT and AMSR-E soil moisture
products against in-situ soil moisture measurements across Europe.
They found that among the three soil moisture products derived from
AMSR-E sensor data, for most sites the highest correlation with ob-
served andmodelled datawas found using the LPRMalgorithm. Consid-
ering relative soil moisture values, the ASCAT product outperformed
AMSR-E in general. Overall, the reliability of all the satellite soilmoisture
products was found to decrease with increasing vegetation density.
In Albergel et al. (2012), in situ soil moisture data from more than
200 stations located in Africa, Australia, Europe and the United States
were used to determine the reliability of three soil moisture products,
one analysis from the ECMWF (European Centre for Medium-Range
Weather Forecasts) numerical weather prediction system (SM-DAS-2)
and two remotely sensed soil moisture products: ASCAT and SMOS.
Evaluation of the times series as well as of the anomaly values, showed
good performances of the three products to capture surface soil mois-
ture annual cycle and short term variability with similar correlation
values for ASCAT and SMOS.
Wanders et al. (2012) compared surface soil moisture from three
differentmicrowave sensors, AMSR-E, SMOS and ASCATwith a stochas-
tic, distributed unsaturated zone model (SWAP) in Spain. The averaged
correlation coefﬁcient was 0.71, 0.68 and 0.42 for ASCAT, AMSR-E and
SMOS respectively, suggesting that temporal dynamics were best cap-
tured by AMSR-E andASCAT. Rootmean square errors for the three sen-
sors were found to be very similar (±0.05m3 m−3). The satellite
uncertainty was found spatially correlated and distinct spatial patterns
were found over Spain (Wanders et al., 2012).
In amore recent paper, Al-Yaari et al. (2014) compared the SMOS L3
Soil Moisture and AMRS-E LPRM globally with the SM-DAS-2. The re-
sults were analysed in terms of biomes and Leaf Area Index (LAI). The
results showed that both SMOS and AMSR-E captured well the spatio-
temporal variability of SM-DAS-2 for most of the biomes. In terms ofcorrelation values, the SMOSL3 product was found to better capture
the SM temporal dynamics in highly vegetated biomes while best re-
sults for AMSR-Ewere obtained over arid and semi-arid biomes. The ac-
curacy of the remotely sensed SM products was shown to be strongly
related to LAI. Both SM products correlated well with the SM-DAS-2
product over regions with sparse vegetation. In regions with higher
LAI, SMOSL3 showed better correlations with SM-DAS-2. This results
are consistent with the expected higher sensitivity to soil moisture
and lower to vegetation at lower frequencies.
The limitation of the two ﬁrst analysis (Brocca et al., 2011; Albergel
et al., 2012) is that the comparison is done against in-situ soil moisture
and thus the representativity of the land cover analysed is reduced. Fur-
thermore, in-situ point measurements might not be representative of
the satellite spatial scales. Speciﬁcally, the soil moisture retrieved from
AMSR-E (Njoku et al., 2003) and SMOS (Kerr et al., 2010) data have a
spatial resolution of about 60 km and 40 km, respectively. Whereas
ASCAT provides soil moisture at a nominal spatial resolution of 50 km
(Wagner et al., 2013).
The use of Soil Moisture ﬁelds from models or reanalysis such as in
(Wanders et al., 2012; Al-Yaari et al., 2014) allows to extend the analysis
to different biomes and to characterise the different parameters
inﬂuencing the errors. Wanders et al. (2012) found a inﬂuence of the
distance to coast (error decreases with increasing distance) and LAI
(error increases with increasing LAI) indistinctly of the RS product. In
Al-Yaari et al. (2014) a different performance of products was found
correlated with LAI. AMSR-E was outperforming SMOS for low LAI
values, whereas SMOS was outperforming AMSR-E for high LAI values.
The former studies have increased our understanding of the remote
sensing soil moisture products, however a deeper analysis of perfor-
mances as a function of land cover and time periods is still lacking.
Land Surface Models (LSMs) simulate the physical processes at the
interface between soil, vegetation and atmosphere. These models are
run ofﬂine, forced by a gridded dataset of screen-level meteorological
variables, or online, coupled to an atmospheric model. LSMs are being
extensively used to simulate the continental water cycle at different
scales and resolutions. There are several global products based on
LSMs (Rodell et al., 2004; Decharme et al., 2012; Balsamo et al., 2012),
and there are alsomany applications at smaller scales, such as continen-
tal or national (Cosgrove, 2003;Mitchell, 2004; Chen et al., 2007; Habets
et al., 2008; Szczypta et al., 2012; Barbu et al., 2014). The advantage of
using ofﬂine LSMs is that they avoid the biases of atmospheric models
as they are forced by gridded observational datasets. The applications
of such systems are wide and range from the study of water resources,
the initialization of meteorological models, the study of the continental
water cycle and also the interpretation of satellite data, as we do in this
paper.
Onemay assume that, being LSMs physical models, the soil moisture
produced by such models is readily usable and comparable to the soil
moisture calculated by other models. However, as Koster et al. (2009)
point out, one of the limitations of the soil moisture calculated by
LSMs is that it is not a real physical variable, it is, in fact, an index of
the water content in the soil, which is not readily transferable from
model to model.
This makes the comparison with in-situ or remote sensing data dif-
ﬁcult. This problem is caused, among other reasons, by the difference
in scale between the real point processes that the physical equations
of such models describe and the resolution at which these models are
applied. Even a resolution of 5 km, which is often considered as high
in large scale simulations (national or continental), is very low com-
pared to the scale of point processes. However, Koster et al. (2009)
also point out that if the model soil moisture data is normalized
(mean and standard deviation), then the behaviour of different models
is very close and comparable. Thus, LSMs are useful provided the SM
data they produce is adequately normalized.
The Mediterranean region is one of the most sensitive areas to cli-
mate change as demonstrated in many studies (Stocker et al., 2013).
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Mediterranean countries where irrigation can represent up to 80%
of the consumptive uses of water (Garrido et al., 2010). According
to the IPCC scenarios, the change in precipitation patterns could
descend the productivity of rainfed agriculture in this region down
to the 50% of its present value towards 2020 (Bates et al., 2008).
Thus, a better knowledge of the behaviour of surface soil moisture
can contribute to a better management of agriculture and water
resources.
In this context, the aim of this study is to understand the perfor-
mance and limitations of the state-of-the-art remote sensing soil mois-
ture products with focus on regional and local applications in the
context of agriculture and water management in the Mediterranean re-
gion. The comparison includes the state-of-art in satellite remote sens-
ing soil moisture data and a LSM simulation. Three different remote
sensing products were compared; one derived from C-band active mi-
crowave data of the ASCAT scatterometer and the other from passive
microwave data from the AMRS-E and the SMOS satellites at C-band
and L-band respectively. The reason for that choice is that ASCAT and
AMSR-E like instruments have been providing measurements for de-
cades and are a key input in building historical datasets for climatic
studies such as the ESA Climate Change Initiative Soil Moisture Variable
(ESA-CCI-SM). On the other hand, the SMOS mission is the ﬁrst at L-
band frequency.
One major drawback of the remote sensing soil moisture data sets
available at a global scale is that they have a spatial resolution much
coarser than the typical size (several ha) of agricultural ﬁelds in the
Mediterranean region. In order to understand the potential beneﬁt of
an increased resolution, a downscaling methodology was implemented
to improve the spatial resolution of SMOS soil moisture data. DisPATCh
(DISaggregation based on Physical And Theoretical scale CHange) esti-
mates the soil moisture variability within a low resolution pixel at the
target 1 km resolution using MODIS data. The DisPATCh method relies
on a self-calibrated evaporation model and thus there is no need for
site-speciﬁc calibration (Merlin et al., 2013).
The LSM simulation is a completely independent dataset, thus, even
thought it cannot tell us which is the true soil moisture, it is a valuable
source of independent information. If the satellite and LSM data are
close, it is probable that both are right, even though it is not guaranteed
as they could be close for the wrong reasons. If they are different, we
will have the certainty that at least one product is wrong and thus it
will be necessary to investigate the causes of the discrepancy. Thus,
the comparison will be useful to detect problems and areas of improve-
ment and also to increase our conﬁdence in the results obtained in those
areas where there is a general agreement.
2. Study area
The comparison has been carried out in Catalonia (NE Spain). This
region is very diverse in terms of landscapes, thus just focusing on this
study area we will obtain results that are relevant for many Mediterra-
nean landscapes.
Catalonia is located in the northeast of the Iberian Peninsula and its
climate is typicallyMediterranean,mild inwinter andwarm in summer,
with a very dry season in summer and two rainier seasons in autumn
and spring. Catalonia's terrain is complex, the range of altitudes spans
3000 m., being the Pyrenees the major relief feature. Given its varied
landscape, in which plains alternate with mountainous areas, Catalonia
has a wide range of bioclimatic habitats. The Pyrenees and the
neighbouring areas have a high-altitude climate, with minimum tem-
peratures below 0, annual rainfall above 1000 mm and abundant
snow during the winter. Along the coast, the climate is mild and tem-
perate with temperatures increasing from north to south. The interior,
which is separated from the sea by the Catalan coastal mountain ranges,
has a continentalMediterranean climate,with coldwinters and very hot
days in summer. Precipitation in Catalonia is very variable. Spatially,precipitation is unevenly distributed, with annual maximums of more
than 1000 mm. located on the mountain areas and the annual mini-
mums of less than 500 mm. located on the interior plains. Temporally,
precipitation is also unevenly distributed within the year and also
inter-annually, following a typically Mediterranean behaviour.
3. Datasets and methodology
The period used for comparisons was chosen so that all 3 remote
sensing productswere available from January 2010 (start of SMOS oper-
ational acquisitions) till October 4th, 2011 (end of AMSR-E operations).
3.1. Remote sensing data
In this study, three remote sensing datasets have been used (SMOS,
ASCAT and AMSR-E LPRM). To these, we have added SMOScat, which is
a dataset obtained by downscaling SMOS data using the DisPATCh
methodology.
3.1.1. ASCAT TU-Wien
The EUMETSAT polar system is a series of three operational meteo-
rological satellites, named MetOp, in sun-synchronous orbit. MetOp is
an European programme where ESA is responsible of the development
of the space segment and EUMETSAT is responsible of the mission re-
quirements deﬁnition, the development of the ground segment and
the full system operation. MetOp's main mission is operational meteo-
rology. One of the instruments ﬂying in MetOp is the Advanced
Scatterometer (ASCAT) whose primary purpose was to measure the
sea surface wind vector but has been shown to be useful to measure
large-scale soil moisture.
ASCAT is a ﬁxed fan-beam scatterometer which uses six side-ways
looking antennas to illuminate two 550 km wide swaths to each side
of the satellite track. It is operated at a frequency of 5.3 GHz (C-band)
in VV polarisation. With its three antennas for each swath, ASCAT
takes for each pixel three independent and quasi instantaneous back-
scatter measurements at three different azimuth angles and two differ-
ent incidence angles. The nominal spatial resolution of the ASCAT
backscatter measurements is 50 km. ASCAT backscatter measurements
are well calibrated and very stable over time (Wagner et al., 2013).
The surface soil moisture data (SM) are retrieved from the radar
backscattering coefﬁcients measured by the ASCAT using a change de-
tection method, developed at the Institute of Photogrammetry and Re-
mote Sensing (IPF), Vienna University of Technology (TU-Wien). In
the TU-Wien model, long-term scatterometer data are used to model
the incidence angle dependency of the radar backscattering signal σ0.
Knowing the incidence angle dependency, the backscattering coefﬁ-
cients are normalised to a reference incidence angle (40). Finally, the
relative soil moisture data ranging between 0% and 100% are derived
by scaling the normalised backscattering coefﬁcients σ0 (40) between
the lowest/highest σ0 (40) values corresponding to the driest/wettest
soil conditions through a linear relationship. The algorithm considers
that the angular variation of backscatter depends on land cover and
roughness and are considered invariant in time. Seasonal vegetation ef-
fects are modelled by exploiting the multiple viewing capabilities of
ASCAT by considering that seasonal vegetation effects cancel each
other out at the “cross-over angles” dependent on soil moisture. The
vegetation cycle is therefore basically unchanged from year to year.
The derived soil moisture product represents the content in the ﬁrst
5 cmof the soil in relative units (between 0% and 100%) between totally
dry conditions and total water capacity. The algorithms and software
were developed by TU-Wien and then connected to H-SAF for further
improvement.
3.1.2. AMSR-E LPRM
The Advanced Microwave Scanning Radiometer — Earth Observing
System (AMSR-E) on-board Aqua is a multi-channel passivemicrowave
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at ﬁve frequencies in the range of 6.9 to 89 GHz (incidence angle 55).
The at-launch soil moisture algorithm was based on iterative inversion
of forwardmodel using 6.9, 10.7, and 18.7 GHz V&H (6 channels) to es-
timate 3 parameters (soil moisture, vegetation water content (VWC),
and surface temperature (LST) and thus eliminate the need for ancillary
VWC and LST information by solving for these (Njoku & Li, 1999).
RFI encountered post-launch, and desire to maintain global algorithm,
led to decision to drop 6.9 GHz channels from algorithm. Several
algorithms (using different physical formulations, parameters, and
ancillary data) have been developed by NASA and JAXA (Japan
Aerospace Exploration Agency) and other research groups to retrieve
soil moisture from measured brightness temperature by AMSR-E.
However, the most widely used approaches are the standard algorithm
provided by NASA (Njoku et al., 2003), AMSR-E-NASA, and the Land
Parameter Retrieval Model, AMSR-E-LPRM, developed at the Vrije
Universiteit Amsterdam (VUA) in collaboration with NASA (Owe et al.,
2001; Owe et al., 2008).
The AMSR-E-LPRM soil moisture has been shown a good perfor-
mance in a range of studies (Brocca et al., 2011; Draper et al., 2009)
and for that reason is the AMSR-E product used for comparison also
in (Wanders et al., 2012; Al-Yaari et al., 2014). Furthermore, is the al-
gorithm used to create a long-term soil moisture series from passive
microwave remote sensing sensors in the ESA-CCI-SM. In this paper a
version (Level 3 gridded data) of the NASA-VUA product exclusively
based on the AMSR-E C-band and descending orbit observations was
used. Descending orbit (night time) SM products were shown in pre-
vious studies to be more accurate and less affected by temperature-
related errors than ascending orbit (day time) products (Draper
et al., 2009; Jackson et al., 2010).
The LPRM is based on a forward radiative transfer model to retrieve
surface soil moisture and vegetation optical depth. The methodology
solves for the surface soil moisture and optical depth simultaneously
using the polarized brightness temperature at 6.9 GHz (when this fre-
quency is contaminated by RFI the algorithm switches to 10.7 GHz).
The Ka-band (36.5 GHz) polarized channel is used to derive land surface
temperature. A unique feature of this method is that it can be applied at
any microwave frequency, making it very suitable to exploit all the
available passive microwave data from various satellites including L-
band (Van der Schalie et al., 2016).3.1.3. SMOS L2PP
ESA's Soil Moisture and Ocean Salinity (SMOS)mission has been de-
signed to observe soil moisture over the Earth's landmasses and salinity
over the oceans. Launched on 2 November 2009, SMOS is the second
Earth Explorer Opportunity mission developed as part of ESA's Living
Planet Programme.
An important aspect of thismission is to demonstrate a newmeasur-
ing technique in the ﬁeld of Earth observation. SMOS carries the ﬁrst-
ever, polar-orbiting, space-borne, 2D interferometric radiometer oper-
ating at the lowest protected band of microwaves. Its Microwave Imag-
ing Radiometer usingAperture Synthesis (MIRAS)measuresmicrowave
radiation around the frequency of 1.4 GHz (L-band).
In SMOS L2 products, multiangular observations of brightness tem-
perature (TB) are used to retrieve simultaneously SM and vegetation
optical depth at nadir (τNAD) using a standard iterativeminimization ap-
proach of a cost function. The main component of the cost function is
given by the sum of the squared weighted differences between mea-
sured and modelled TB data, for a variety of incidence angles. The algo-
rithm ﬁnds the best set of the parameters, e.g., SM and vegetation
characteristics, which drive the direct TB model and minimizes the
cost function (Kerr et al., 2012).
In this paper, the version-5.51 of the SMOS level-2 (L2) soil mois-
ture product released on June 7, 2012 is used. Note that although cur-
rent L2 operational version is 6.20, the re-processing of the archive isnot yet available and therefore only v5.51 is available for the study
period.
3.1.4. SMOScat
In the framework of the SMOScat project, the DisPATCh algorithm to
disaggregate SM was implemented and validated in Catalonia (Merlin
et al., 2013). DisPATCh provides 1 km resolution SM data from coarse-
scale microwave-derived SM. In DisPATCh, the soil evaporation from
the 0–5 cm soil layer and the vegetation transpiration from the root
zone soil layer are partitioned by separating MODIS LST (Land Surface
Temperature) into its soil and vegetation components. The partitioning
method relies on an contextual interpretation of MODIS LST andMODIS
NDVI (Normalized Difference Vegetation Index) (Moran et al., 1994).
MODIS-derived soil temperature is then used to estimate Soil Evapora-
tive Efﬁciency (SEE deﬁned as a ratio of actual to potential soil evapora-
tion), which is known to be relatively constant during the day on clear
sky conditions. DisPATHCh then distributes high-resolution soil mois-
ture around the low-resolution observedmeanvalue using the instanta-
neous spatial link between optical-derived SEE and near-surface soil
moisture. (Malbeteau et al., 2015).
During the SMOScat project, aﬁeld experimentwas undertaken over
a 20 km square area spaning partly in a irrigation area (Urgell) and the
surrounding dryland area. Disaggregated soil moisture datawere evalu-
ated at high resolution using in situ 0–5 cm measurements made once
amonth from April to October 2011. The disaggregation strategy was
shown to improve spatial and temporal correlation with respect to the
low resolution SM (Merlin et al., 2013).
The algorithmuseswhen available ascending and descending passes
of SMOS L2 v 5.51, MODIS/Terra 16-day vegetation indices and MODIS
Terra and Aqua daily land surface temperature 1 km grid product.
Note that since the DisPATCh algorithm is applied at each SMOS pixel
centre and with the actual SMOS Field of View it might happen that in
some areas the SMOScat product is showing data where the SMOS L2
product is not (since L2 is gridded at 15 km while the FOV of SMOS is
about 40 km).
3.2. Land surface modelling
Oneof the datasets used in our studywas obtained using the SURFEX
LSM (Masson et al., 2013). In the next sectionswe describe the different
datasets and models used to perform the SURFEX simulation.
3.2.1. Meteorological forcing dataset
The meteorological data used to force the LSM has been obtained
using the SAFRAN (Durand et al., 1993) meteorological analysis system.
SAFRAN combines information coming from a numerical weather pre-
diction model (the ﬁrst guess) and station data using an optimal inter-
polation algorithm. SAFRAN analyses temperature, wind, relative
humidity and cloudiness using observations taken every six hours. Af-
terwards it calculates downward short and long wave radiation using
a radiative transfermodel (Ritter & Geleyn, 1992). Finally, the data is in-
terpolated to the hourly time step.
We used the SAFRAN dataset of Quintana-Seguí et al. (2015), who
applied to the NE Spain the same version of SAFRAN that is used in
France (Quintana-Seguí et al., 2008; Vidal et al., 2010). In this applica-
tion, AEMET's HIRLAM HNR 5 km model data (Navascués et al., 2013)
is used as ﬁrst guess and the observational data comes from AEMET's
station network. This SAFRAN dataset was created using the same
5 km grid that HIRLAM HNR uses in Spain and thus we also used the
same grid to run the LSM. This grid is our grid of reference towards
which all the satellite data has been regridded.
3.2.2. Land surface model
SURFEX (Masson et al., 2013) is an externalized land and ocean sur-
face platform that describes the surface ﬂuxes and the evolution of four
Fig. 1. Cover types of the Ecoclimap database, used by the SURFEX LSM. The covers have
been grouped in six main classes. The black lines correspond to the administrative
division of Catalonia: provinces (thick) and comarques (thin).
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used the ISBA scheme, which simulates nature surfaces in SURFEX.
ISBA (Interaction Sol Biosphère Atmosphère) (Noilhan & Planton,
1989; Mahfouf & Noilhan, 1996; Noilhan & Mahfouf, 1996) is a
soil–vegetation–atmosphere transfer (SVAT) model. There are sev-
eral versions of ISBA, ranging from the original two layer for-
restore method to a more detailed diffusion version (Boone, 2000;
Habets et al., 2003). In this study we used the three layered force-
restore version (ISBA3L) (Boone et al., 1999) with the 3-layer snow
scheme of (Boone & Etchevers, 2001). This is the version of ISBA
used in the French hdyrological suite SIM (Habets et al., 2008;
Quintana Seguí et al., 2009). In ISBA3L, the ﬁrst layer of the model
is a very thin superﬁcial layer, which is mainly used for freezing pro-
cesses. The second layer is the root zone, which is deeper. The third
layer goes from the end of the root zone to the end of the soil column.
Some tests have been done and it was found that the behaviour of the
superﬁcial layer is closer to the behaviour of the remote sensing data
than the deeper root zone. Thus, we used the simulated values of the
ﬁrst layer of the soil, which we call ISBA1.
3.2.3. Physiography
SURFEX automatically uses ECOCLIMAP as the source of its physio-
graphic data (Faroux et al., 2013). ECOCLIMAP is a 1 km resolution
dataset that includes an ecosystem classiﬁcation and a coherent set of
land surface parameters that are primarilymandatory inmeteorological
modelling. The data is sourced from well known land cover products
such as Corine Land Cover and Global Land Cover. In our study, we
used this dataset as the true description of the vegetation covers. How-
ever, when analysing the series at the selected points of Fig. 2, we veri-
ﬁed the covers using high resolution areal photography.
3.3. Methodology
The study period covers all the time during which all the satellites
are operational, from January 1st 2010 till October 3rd 2011. All the sat-
ellite data was gridded to the 5 km resolution grid used by SAFRAN and
SURFEX.
As Koster et al. (2009) point out, modelled soil moisture data is not
readily comparable without a normalization. This is also true for remote
sensing data products, ASCAT SM estimates represent a relative mea-
sure of the soil moisture and it is given in percent. On the other hand,
SMOS and AMSR-E data are in m3 m−3 however their sensing depth is
different (between 2 and 5 cm for SMOS and 1–2 cm for AMSR-E). As
discussed in the introduction, these difﬁculties also apply to LSMs. As
a consequence, we normalized the data using z-values in order to
make it comparable. We have substracted the mean and have divided
the series by the standard deviation, this way all the resulting series
have the same mean and standard deviation (μ = 0, σ = 1), for a
given normalization period.
The z-values have been calculated using two different normaliza-
tion windows. In one case, following (Albergel et al., 2012; Al-Yaari
et al., 2014), the seasonal information has been removed by calculat-
ing the z-value for the ith day using a reference window of 35 days
centred on i. Thus, the reference period is F= [i - 17,i+ 17]. We de-
note this normalized value as ZV35. The ZV35 of day i is calculated as
follows:
ZV35 ið Þ ¼ w ið Þ  s Fð Þ
STD w Fð Þð Þ ð1Þ
where w is the SM.
The limitation of such approach is that not only removes the season-
ality, but also part of the soil moisturememory. Furthermore, the choice
of the 35 daywindow is subjective and it is difﬁcult to ﬁnd an objective-
ly well adapted timewindow. Thus, we also decided to use another nor-
malizationmethod that retains bothmemory and seasonality and is lesssubject to subjectivity. In this case, the whole series is used as the refer-
ence period when calculating the z-values (G = [0,n], where n is the
length of the series):
ZV ið Þ ¼ w ið Þ w Gð Þ
STD w Gð Þð Þ : ð2Þ
This way, the mean and the standard deviation used represent
whole distribution, not only the adjacent days.
In order to remove the seasonality while preserving the medium
term memory (weeks, months), a long climatological dataset of at
least 30 years would be needed. This would allow to remove the clima-
tological average for a given day. Thus, the resulting series would be
anomalies in relation to the climatology, not anomalies in relation to
35 adjacent days. But the remote sensing products used in this study
do not have such length.
Another methodology that was considered, but ﬁnally discarded, is
the min-max normalization or re-scaling of the time series between 0
and 1. The problem with the min-max normalization is that a long
time series is needed to be sure that actually the soil maximum and
minimum has been reached during the experiment time duration oth-
erwise the resulting time series is very sensitive to the extremes.
The metric used to check the similarity between the series is the
Pearson correlation coefﬁcient. Also, in order to enhance soil moisture
memory and detect seasonal effects, a moving average was applied to
ZV or ZV35. Twowindows of 10 and 30 dayswere used. The correlations
have been calculated for each grid point. The cover classes have been
derived by aggregating ECOCLIMAP classes into the following sub-
classes: water, bare soil, ice and snow, urban, forest, grass and shrubs,
rainfed crops, irrigated crops, wetlands and other. The classiﬁcation
has been validated by manual inspection using high resolution aerial
photography and it is shown in Fig. 1. The dominant classes are: Forest
(42%), grass and shrubs (40%), rainfed (or dryland) crops (30%) and ir-
rigated crops (7%).
We have also analysed the temporal series over selected points that
aim to be representative of the different Catalan landscapes. Some
points were selected because they are known from previous ﬁeld
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randomly chosen among the pixels with more data to cover all domi-
nant land cover classes.4. Results
In the following sections the results are presented. In Section 4.1 the
spatial patterns of the time correlations between the products are pre-
sented and in Section 4.2 the temporal series of the selected points are
discussed with more detail.4.1. Correlation maps
Figs. 3 and 4 (top panels) show the time correlation between each of
the remote sensing products and the LSM for the two methods used to
calculate correlation. In the second row of each Figure, the correlation
maps are also provided with a moving average of 10-days. The 1-day
correlation is very noisy and the 10-day average enhances the results
that can already be seen in the 1-day correlation maps.
Using ZV35 (see Fig. 3), ASCAT shows overall moderate correlation
values (R N 0.5) except in the Ebre Delta area and in a small part western
Pyrenees that is where topography is more important. AMSR-E shows
moderate correlation values (R N 0.5) in the western part of the study
area. In the Pyrenees and forested areas the correlation values are low
(R b 0.4). The results for SMOS have spatial structure similar to AMRS-
E which is expected being both passive microwave sensors. Unexpect-
edly, values for SMOS are lower than for AMSR-E although L-band is
considered best suited for soil moisture sensing because of its lower
sensitivity to vegetation. In forested areas SMOS gets few retrievals
and the correlation values are considered not signiﬁcant. The available
version of the SMOS L2PP (v5.51) for the study period depicts few
values in forested areas. This issue should be partly overcome in the cur-
rent version of the L2 processor (v6.20) that implements an improved
modelling for forested areas (Rahmoune et al., 2013). The results for
the high resolution soil moisture product are, as expected, similar to
SMOS with low correlation values (R b 0.3) in the Pyrenees and coastalFig. 2.Map of the study area showing the relief and the selected points for comparison.areas. Over the high resolution product there is some small scale fea-
tures appearing that do not appear in any other product.
Using ZV (see Fig. 4), ASCAT shows moderate to high correlation
values (R N 0.5–R N 0.7) with the LSM on the east part of the study
area, this is where the land cover is more heterogeneous. The correla-
tion of ASCAT with LSM is lower in all areas where topography is im-
portant. The potential low performance of ASCAT over topography
areas has been already pointed out in (Szczypta et al., 2014). A fea-
ture that appears with ZV, that was not visible with ZV35, is an
area of low correlation (R b 0.3) going from east to west in themiddle
upper part of the study area. The east part corresponds to a forested
area, the western part of the low correlation area is probably related
with topography. AMSR-E shows overall moderate to high correla-
tion values (R N 0.5–R N 0.7) with LSM, specially on the west part of
the study area, which is a highly cultivated area and obtains better
results over forested areas compared to ZV35. The results for SMOS
are similar to those obtained with ZV35 and similar to those obtained
with AMSR-E with in general lower correlation values, specially on
coastal areas (R b 0.3).
In general it could be said that, the spatial structures seen by the two
methods are similar although the ZV correlation method seems to en-
hance differences and maps look more contrasted than with the ZV35
method. A very interesting result only seen with ZV is that the down-
scaled SMOScat product doesn't correlate well with ISBA1 (R b 0.2) in
a small area on the west part of the domain (red area surrounded by
blue). This area is heavily irrigated. The model does not take irrigation
into account, thus it is a good sign that the correlation is low, because
SMOScat is able to detect the irrigation. Note also that over that area
an extensive in-situ soil moisture campaign was conducted during
2010–2011 to validate the results of the disaggregation strategy. Unlike
(Piles et al., 2014) that showed low correlation values between a disag-
gregation strategy and in-situ soil moisture, the correlation between
DisPATCh disaggregated soil moisture with the in-situ soil moisture
was shown to be high over that area in (Merlin et al., 2013).
This information is potentially very interesting in order to study irri-
gation. SMOScat data could be used to detect the areas where irrigation
is more relevant and, thus, decide were to concentrate the efforts when
introducing irrigation processes in the LSM.
In Fig. 5 we show the correlation between the different soil moisture
products (for simplicity here the high-resolution SMOS product has
been obviated). First thing that can be observed is that the values of
the correlation between products are lower than when comparing
with ISBA-1 (Figs. 3 and 4). That is, all products correlate better with
ISBA-1 than among them. This is an interesting feature that shows
that every remote sensing product is different to any other one and
thus developing synergies among products should allow to deliver im-
proved SM products.
Either with ZV35 or ZV, the two products that correlate best are
ASCAT and SMOS despite being the more different both in frequency
(C-band for ASCAT, L-band for SMOS) and measuring technique
(scatterometer and passive MW respectively). Using ZV35, correlation
of AMSR-E with SMOS is low except in the west part of the study area,
which is a highly cultivated area. Similar results are observed between
ASCAT and AMSR-E.
Using ZV, results can be further analysed in terms of land cover, topog-
raphy and distance to coast. ASCAT and AMSR-E do not correlate well in
forests and topography areas, similarly to ASCAT and SMOS. AMSR-E
and SMOS correlate well in all the crop area, and their correlation is
lower near the coast. The areas that show lower correlation between
them are mostly in coastal areas and cannot be directly associated to
any land cover.
In order to better understand the results, we had a look at the cor-
relation values per cover class. The aggregated correlation values per
cover class are shown in Table 1 considering the different moving
window averages (1, 10 and 30 days) and in Fig. 6 the correlation
boxes for ZV35 and ZV. The correlation boxes show the ﬁrst and
Fig. 3. Correlations of ASCAT, AMSR-E, SMOS and SMOScat with ISBA1 using ZV35 without any smoothing (ﬁrst row) and using a 10-day moving average (second row).
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cally from the boxes (whiskers) indicate variability outside the
upper and lower quartiles, outliers are plotted as individual points.Fig. 4. Correlations of ASCAT, AMSR-E, SMOS and SMOScat with ISBA1 using ZV without aIn Table 2 the correlation values between ISBA1 and the differ-
ent remote sensing products is shown over the selected study
pixels.ny smoothing (ﬁrst row) and using a 10-day moving average window (second row).
Fig. 5. Correlation matrix over the whole study area between the different remote sensing products ASCAT, AMSR-E, SMOS using ZV35 (ﬁrst row) and ZV (second row) with a 10-day
moving average.
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and 4, ASCAT is the product that best correlates with ISBA1 whatever
the normalisation method. When using the 10 or 30-day moving av-
erage the results depend on the normalisation method. With a
10 day moving average, ASCAT is the product that best correlates
with ISBA1 with the ZV35 method. For ZV, the results are more di-
verse: AMSR-E is the highest correlated with ISBA1 over grass-
shrubs, dry land and irrigated crops whereas ASCAT is higher corre-
lated over forests. It could be said, that when the method to compareTable 1
Aggregated correlation values between ISBA1 and the different remote sensing products per cov
(second block) and 30 days (last block).
ZV35 correlation
Type ASCAT SMOS AMSR-E SMOSc
Dryland 0.49 0.40 0.41 0.35
Grass 0.49 0.36 0.35 0.32
Forest 0.48 0.30 0.23 0.28
Irrigated 0.53 0.41 0.51 0.33
Dryland 0.60 0.49 0.57 0.44
Grass 0.59 0.40 0.49 0.39
Forest 0.58 0.33 0.37 0.32
Irrigated 0.67 0.53 0.63 0.40
Dryland 0.52 0.44 0.55 0.38
Grass 0.53 0.34 0.47 0.32
Forest 0.57 0.23 0.38 0.25
Irrigated 0.60 0.45 0.59 0.31
The value with the higher correlation is provided in bold.tends to enhance reaction to precipitation ASCAT is outperforming
the other SM products, whereas AMSR-E tends to outperform the
rest when the seasonal behaviour in enhanced.
4.2. Temporal series
In order to get a better understanding of the metrics results, we
analysed Soil Moisture temporal series over different pixels that aim
to be representative of the different land covers. Table 1 shows theer class with the differentmoving averagewindows considered 1 day (ﬁrst block), 10 days
ZV correlation
at ASCAT SMOS AMSR-E SMOScat
0.57 0.47 0.51 0.44
0.52 0.40 0.41 0.36
0.47 0.33 0.26 0.29
0.60 0.46 0.58 0.35
0.55 0.57 0.65 0.54
0.49 0.46 0.54 0.43
0.44 0.29 0.40 0.28
0.55 0.59 0.69 0.41
0.42 0.59 0.75 0.54
0.36 0.49 0.64 0.43
0.32 0.27 0.48 0.19
0.39 0.62 0.80 0.35
Fig. 6. Correlations of ASCAT, AMSR-E, SMOS and SMOScat with ISBA1 per land cover using ZV and ZV35 with a 10-day moving average window.
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sensing SM products over the selected pixels for further analysis. The
pixels have been selected among the dominant land cover classes: dry
land crops, grass-shrubs, forest and irrigated crops. The temporal series
for the different land covers is analysed in the following sections.
Together with the ZV and ZV35 time series the precipitation is also
plotted. Unfortunately, there are not good quality rain gauge series for
all the points we compare in this study, thus we opted to use the
SAFRAN data, which at least has the same quality for all the points.4.2.1. Dryland crops
Dryland crops in our region include: olive trees, almond trees and
winter wheat. The winter wheat is sown in October/November and col-
lected end of May/beginning of June.
Figs. 7 and 8 show the temporal evolution of the normalized soil
moisture values over two dry land pixels in Baix Ebre and Urgell for
ZV35 (upper panel) and ZV (lower panel) averaged at 30 days.
It is expected that the ZV35method, tends to eliminate themonthly
scale soil moisture memory and therefore becomes more sensitive to
precipitation and less sensitive to the monthly evolution of superﬁcial
soil moisture. On the other hand, ZV keeps thememory of the soil mois-
ture, together with seasonality.Table 2
Correlation values between ISBA1 and the different remote sensing products over the selected
Correlation (ZV35)
Type — location ASCAT SMOS AMSR-E S
Dryland — Agramunt 0.59 0.50 0.30 0
Dryland — Baix Ebre 0.24 0.36 0.47 0
Dryland — Borges 0.61 0.45 0.49 0
Dryland — Guardiola 0.54 0.47 0.34 0
Dryland — Urgell 0.58 0.50 0.31 0
Grass — Anoia 0.46 0.42 0.37 0
Grass — Osona 0.60 0.36 0.20 0
Grass — Rasquera 0.28 0.34 0.42 0
Forest — Cerdanya 0.52 0.34 0.14 0
Forest — Pallars 0.39 0.27 0.20 0
Forest — Ports 0.26 0.39 0.49 0
Forest — Prades (2) 0.47 0.36 0.40 0
Forest — Solsones 0.50 0.37 0.11 0
Irrigated — Delta 0.31 0.28 NaN 0
Irrigated — Urgell 0.62 0.43 0.49 0
The value with the higher correlation is provided in bold.The plots show in general that, in general, all soil moisture products
see major rain events such as in October 2010 and March 2011.
Over Baix Ebre, AMSR-E is the highest correlatedwith the LSMwhat-
ever themethod (See Table 2). However, when looking ZV plots, AMSR-
E doesn't capture twomajor rain events in June 2010 and October 2010
and follows a slow but steady increase of soil moisture from July 2010 to
January 2011 that is not captured by the LSM. ASCAT in that period is
counter phased with AMSR-E. Two effects can be observed with both
methods: high values of both ASCAT and SMOScat in June 2010 and
low values of SMOS and SMOScat in April 2010.
Over the Urgell dryland pixel, ASCAT is the highest correlated with
the LSM when using ZV35 and SMOS when using ZV (see Table 2).
Over that pixel, AMSR-E shows high values of soil moisture in April
when all the other datasets show rather dry signals and the overall
cycle of AMSR-E is very similar to that of the Baix Ebre pixelwith SMsig-
nal increasing inMarch reaching amaximumvalue inMay and then de-
creasing until July after that slowly increasing. The consistency of this
cycle between pixels and years seem to indicate that the absolute max-
imum reached end of May could be correlated to vegetation. Note that
rainfed vegetation is usually green until end of May because the water
in soil cumulated during the winter and spring precipitations are sufﬁ-
cient to allow for vegetation growth. Typically at the end of May begin-
ning of June soil evaporation and vegetation transpiration are too highstudy pixels (no moving average applied).
Correlation (ZV)
MOScat ASCAT SMOS AMSR-E SMOScat
.36 0.60 0.55 0.44 0.51
.33 0.35 0.41 0.62 0.35
.41 0.65 0.49 0.62 0.55
.35 0.65 0.48 0.52 0.25
.42 0.58 0.60 0.45 0.56
.41 0.55 0.52 0.48 0.49
.33 0.64 0.34 0.32 0.33
.31 0.46 0.31 0.62 0.41
.28 0.61 0.33 0.27 0.31
.33 0.01 0.28 0.13 0.37
.38 0.35 0.53 0.61 0.49
.38 0.64 0.55 0.58 0.47
.41 0.48 0.40 0.15 0.37
.30 0.45 0.22 NaN 0.19
.39 0.62 0.48 0.60 0.21
Fig. 7. Temporal series of soil moisture z-values over a dryland pixel (Baix Ebre) using ZV35 (upper panel) and ZV (lower panel) both with a 30-days window average.
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rigated starts drying.
ASCAT depicts very low values of SM both in April 2010 and
2011, followed by an increase of SM when the LSM indicates a dry-
ing period that is also seen by SMOS. ASCAT also shows an
abnormal increase of SM starting in June 2011 for both Baix Ebre
and Urgell, with very high values of SM in August that cannot be
explained by precipitation or vegetation effects, this increase
might be related to the increase of roughness due to increase of
penetration depth in completely dry soils as also pointed out in
(Wanders et al., 2012).
SMOS is the best correlated with the LSM for the Urgell area and it
follows remarkably well the LSM evolution. In December 2010, the
SMOScat product is indicating higher values of soil moisture that are
not seen by SMOS nor the LSM this could be due to a local precipitation
events or an artefact of the disaggregation strategy. Note that despite
the LSM grid being of 5 km, the actual LSM resolution is determined
by the distance between the meteorological stations used to build the
forcing database. The distances between meteorological stations are
sometimes higher than 5 km andmight not be able to capture local pre-
cipitations events.
Conversely to the different correlation values when using the ZV
or ZV35 method, the temporal series plots (Figs. 7 and 8) show
consistent effects indistinctly of the method. Actually, the temporalseries following the ZV method is easier to interpret as it enhances
the temporal memory of the soil moisture. Consequently, for the
ensuing temporal analysis only the plots with the ZV method are
shown.
4.2.2. Grass-shrubs
The areas classiﬁed as grass-shrubs in our region include perennial
vegetation cover (shrubs and scattered trees) together with grass that
will have a cycle similar to that of the dryland crops. The plot Fig. 9
shows the temporal evolution of the normalised soil moisture values
over two dry land pixels in Osona (upper panel) and Rasquera (lower
panel) pixels for ZV averaged at 30 days.
In the Osona pixel, ASCAT is showing the higher correlationwith the
LSM whatever the method used (see Table 2). However, ASCAT seems
not to capture well the strong rain event in April 2010 and on the
other hand shows high soil moisture values end of May - beginning of
June as in the dryland pixel. A part from that there is a very good corre-
spondence between all soil moisture products and the LSM except for
AMSR-E whose soil moisture cycle, as already shown for dry land
crops, seems to be more correlated to vegetation cycle.
Over the Rasquera pixel, SMOS and its related product SMOScat
show an abnormal decrease of soil moisture in April 2010. This behav-
iour was already observed in the Baix Ebre pixel and is not reproduced
in spring 2011 nor in other pixels of the same cover. The proximity
Fig. 8. Temporal series of soil moisture z-values over a dryland pixel (Urgell) using ZV35 (upper panel) and ZV (lower panel) both with a 30-days window average.
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local effect not related to the algorithms used to estimate soil moisture.
Non detected RFI, for instance, would have the effect of increasing
brightness temperature seen by the SMOS sensor; dryer soils also
have higher brightness temperature than wetter soils. In practice,
thus, RFI are interpreted as a decrease of soil moisture. The rest of soil
moisture products show cycles similar to dry land crops. AMSR-E
shows a soil moisture cycle correlated with vegetation. A higher impact
of vegetation over AMSR-E than over SMOS is expected since vegetation
effects are stronger at C-band than at L-band. The consistency of this
cycle over different pixels and land covers seems to indicate that the
vegetation correction applied to AMSR-E data might not be adapted to
Mediterranean land cover.
ASCAT soil moisture depicts an increase of soil moisture in summer
potentially explain by the scattering effects in dry soil. ASCAT also de-
picts unexpected low soil moisture values in winter (October 2010 -
February 2011) that could not be explained.4.2.3. Forest
Fig. 10 shows the temporal evolution of the normalised soil moisture
values over two forested pixels in Cerdanya (upper panel)and Solsones
(lower panel) averaged at 30 days. Cerdanya pixel is located at high al-
titude (more than 2000m), so it represents a typical high altitude conif-
erous forest. The second one is located in Solsones and represents a
more classical Mediterranean forest.For the pixel in Cerdanya, it is remarkable how all soil moisture
products detect rain despite the high values of vegetation. During win-
ter SMOS has no Soil moisture retrievals due to snow mask that pro-
duces also some outliers at the beginning and end of the periods.
Over the Solsones pixel, SMOS shows frequently higher and lower
than expected soil moisture values, such as in February 2010, April
2010, December 2010 and July 2011, we found no clear explanation
for that. In some of those SMOScat is also showing the same tendency
(February 2010) but in others April 2010, December 2010 and July
2011, this tendency is corrected by the high resolution product. Over
the Solsones pixel, ASCAT and LPRM are rather correlated since the be-
ginning of 2010 and counter-phased with the LSM, showing abnormal
low values at the beginning of the year and the highest values in June.
4.2.4. Irrigated crops
The temporal series for irrigated crops are over two pixels that illus-
trate different irrigation techniques. Over these two pixels it has to be
taken into account that the LSM does not integrates irrigation therefore
correlation with ISBA has no signiﬁcant value. The temporal series of
ISBA1 are only shown to illustrate reaction to precipitation.
Fig. 11 shows the temporal series for the Delta pixel. In the Ebre
Delta, the dominant crop is rice, those ﬁelds are almost ‘inundated’
from April until November following the crop cycle. Over that area
AMSR-E has no values. SMOS and SMOScat clearly see the beginning
of the irrigation season in April and the drying out starting in November.
ASCAT associates completely wet ﬁelds with dry soils.
Fig. 9. Temporal series of ASCAT, AMSR-E, SMOS, SMOScat and SURFEX zvalues over a grass-shrub pixel in Osona (upper panel) and Rasquera (lower panel) both using ZVwith a 30-days
window average.
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clearly identify by the SMOS high resolution product in Fig. 4. The area
is irrigated by the Urgell Channel, the channel is 150 years old and the
irrigation method is ﬂood irrigation. The farmers irrigate 4 or 5 times
per season depending on the initial soil moisture conditions at the be-
ginning of the season. In order to investigate whether the different irri-
gations can be captured by the different sensors, over that pixel the
temporal series are also shown with the 10-days average window.
Fig. 12 shows the temporal series for the Urgell pixel both using ZV
with a 30-days (upper panel) and a 10-days (lower panel) window
average.
As already seen over other land covers, in general, all the SM prod-
ucts are able to capture major rain events. ASCAT shows the same fea-
ture already observed over dryland crops and natural vegetation of
increasing soil moisture in August (not inMay–Junewhen the irrigation
starts). This is surprising because over irrigated pixels, conversely to
dryland, the soil is rather wet and thus it cannot be attributed to the in-
crease of penetration depth. The effect should be then attributed to the
fact that, being the irrigated area rather small, ASCAT does not resolve
the irrigated pixel only and the signal of the surrounding dryland area
is mixed within.
Similarly to other land covers, LPRMmajor seasonal effect is related
to vegetation. During summer, LPRM soil moisture is low which cannot
be explained by the vegetation which in the irrigated plots has itsmaximum water content neither by the actual soil moisture (that is
also high). Therefore, it is probably that, similarly toASCAT, AMSR-E res-
olution does not resolve the irrigated pixel only and the signal of the
surrounding dryland area is mixed within.
Similarly to the Delta irrigated pixel, SMOS and SMOScat see the dif-
ferent irrigations (and precipitations) such as in June 2010 and August
2011, but SMOScat is the only to capture (in the 30 days average) how
the moisture of the area is kept constant during the growing period.
The fact that SMOS is actually able to capture different signals over
the irrigated and dryland Urgell pixels, seems to indicate that the actual
spatial resolution of SMOS is higher than that of AMSR-E (at 6.9 GHz)
and ASCAT. This effect had already been reported when comparing
AMSR-E and SMOS brightness temperatures (Escorihuela et al., 2012).5. Conclusions
This paper presents the comparison of the state of art global soil
moisture products versus the hydrological model outputs over a re-
gion representative of Mediterranean Landscapes. The purpose of
this study is to evaluate the performances of the different products
over the typical Mediterranean land covers in order to assess their
applicability for agricultural and water management applications.
Compared to other more global studies where all the land covers
Fig. 10. Temporal series of ASCAT, AMSR-E, SMOS, SMOScat and SURFEX zvalues over a forest pixel in Cerdanya (upper panel) and Solsones (lower panel) both using ZV with a 30-days
window average.
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sults for the aim of our study.
The comparison has been conducted over Catalonia in the Northeast
of the Iberian Peninsula. Despite being a rather small area, Catalonia hasFig. 11. Temporal series of ASCAT, AMSR-E, SMOS, SMOScat and SURFEX zvaluea wide range of bioclimatic habitats and thus these results are relevant
for manyMediterranean landscapes. We were able to observe different
signal behaviours corresponding to themajor land cover classes inMed-
iterranean areas i.e.: dry-land and irrigated crops, forests and naturals over an irrigated pixel in Delta using ZV with a 30-days window average.
Fig. 12. Temporal series of ASCAT, AMSR-E, SMOS, SMOScat and SURFEX zvalues over an irrigated pixel in Urgell both using ZV with a 30-days (upper panel) and a 10-days (lower panel)
window average.
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topography.
The ﬁrst result of the study is that metrics and normalisations have
to be carefully looked at. Here we applied two different normalisation
methods (called ZV35 and ZV) and different moving average windows
(1, 10 and 30 days) in order to enhance seasonal effects. Using nomov-
ing average ASCAT is the soil moisture product that correlates best with
the LSMover all cover classeswhatever themethod (ZV or ZV35).When
using a moving average with the ZVmethod, AMSR-E tends to correlate
betterwith the LSMover all cover classes. It could be said, thatwhen the
method to compare tends to enhance reaction to precipitation ASCAT is
outperforming the other SM products, whereas AMSR-E tends to out-
perform the rest when the seasonal behaviour in enhanced.
The reason for these different results is that ZV35, tends to elim-
inate the monthly scale soil moisture memory and therefore
becomes more sensitive to precipitation and less sensitive to the
monthly evolution of superﬁcial soil moisture. On the other hand,
ZV keeps the memory of the soil moisture, together with seasonal-
ity. The drawback of ZV is that, when looking only at the correlation
values, it can provide high correlation values when compared with
variables with similar cycles (e.g. soil moisture and vegetation)
because of preserving memory. Seasonality and trends should be
removed when long series are available (removing the climatolog-
ical mean for each day), unfortunately this is not possible with
most remote sensing products. For that reason, we believe thatZV is, in general, more adequate to study the evolution of soil mois-
ture, as memory is one of the most important features of this vari-
able and it determines the impacts it has on other physical
processes.
The correlation maps show in general good agreement for all soil
moisture products with the LSM over ﬂat, non irrigated areas which
are not close to the sea. This result gives us conﬁdence, as bothmethods
of estimating the soil moisture (simulation and remote sensing) are
very different. However, the comparison also shows the limitations of
the different products.
On the one hand, SMOS has difﬁculties in areas close to the sea and in
areaswith steep relief and the available version of the L2PP (v5.51) for the
study period depicts few values in forested areas. This issue should be
partly overcome in the current version of the L2 processor (v6.20) that
implements an improved modelling for forested areas (Rahmoune et al.,
2013).
The correlation of ASCAT with LSM is lower in all areas where topog-
raphy is important. The potential low performance of ASCAT over topog-
raphy areas has been already pointedout in (Szczypta et al., 2014). AMSR-
E correlates better with the LSM over high cultivated areas.
A very interesting result only seenwith ZVmethod is a small heavily
irrigated area only seen by the downscaled SMOScat product.
The correlation values per cover class show that using ZV35, as indi-
cated in Fig. 2, ASCAT is the product that best correlates with ISBA1
whatever the moving average. While using ZV, the results are more
113M.J. Escorihuela, P. Quintana-Seguí / Remote Sensing of Environment 180 (2016) 99–114diverse: ASCAT is the highest correlated with ISBA1 when no moving
average is plied while AMSR-E tends to outperform the other SM prod-
ucts when a moving average is applied.
The comparison of temporal series over selected pixels shows some
limitations of ASCAT over agriculture surfaces and natural landscapes
where it depicts an increase of soil moisture from June to October prob-
ably due to increase of penetration depth and thus to roughness. This
issue has been reported in arid and semi-arid climates (Wanders et al.,
2012; Wagner et al., 2013), our results would indicate that the issue
might also appear in Mediterranean land covers. ASCAT also shows a
dryness cycle in April/May in crops and Dec./Jan. in forest that cannot
be attributed to actual soil moisture conditions. Our hypothesis is that
vegetation effects might be overestimated in those periods.
AMSR-E LPRM shows a clear vegetation cycle over all the land cover
classes (crops, natural vegetation and Mediterranean forest). The rela-
tive sensitivity to vegetation is higher at C-band than at L-band. There-
fore a higher impact of vegetation on AMSR-E than on SMOS is
expected. However, vegetation effects have been shown to be higher
on AMSR-E than on ASCAT, this is unexpected because vegetation
(and roughness) are difﬁcult to model on active sensors because of
their coherent nature. It seems then plausible that ASCAT high radio-
metric accuracy, and its multiple-viewing capabilities allows to over-
come this difﬁculty and estimate vegetation effects correctly. In
ASCAT, vegetation effect have been only observed over the Mediterra-
nean forest. ASCAT algorithm is applied at each pixel and uses angular
information and long-term series measurements over each pixel. On
the other hand, the more simple approach used in AMSR-E LPRM that
estimates vegetation optical depth without any ancillary data seems
not be performing very well over Mediterranean landscapes.
SMOS follows closely the LSM over crops and natural landscapes.
The performance is lower in the Mediterranean forest were it depicts
both higher and lower values than the LSM. However, no systematic
vegetation or roughness effects as in the other products has been
found. SMOS correctly sees the beginning of the irrigation season in
April and the drying out starting in November in the irrigated rice
patch. Over in the Urgell irrigated pixel, SMOS is the only to see the dif-
ferent irrigations (and precipitations). Our results seem to indicate also
that the actual spatial resolution of SMOS is higher than that of AMSR-E
at 6.9 GHz or ASCAT.
The SMOScat product was shown to be able to correct too high and
too low values of SMOS over the forested pixels and is also the only to
capture (in the 30 days average) how the moisture of the irrigated
pixel in Urgell is kept constant during the growing period. Over the cor-
relation maps plots, the high resolution soil moisture product from
SMOS was shown to be the only to detect a small heavily irrigated
area on the western part of the domain. When looking at the temporal
series of a pixel over that area it has been shown that the moisture of
the region is kept constant during the growing period.
Current remote sensing methodology to map irrigated areas are
based on using vegetation cycle as a proxy (Ozdogan et al., 2010). Our
results seem to indicate that it would be feasible to map irrigation
areas directly by comparison to soilmoisture from LSM (or precipitation
data) and then by zooming at the pixel scale to assess soil moisture
conditions.
The higher resolution of the SMOS DisPATCh disaggregated product,
SMOScat, is needed for regional and local applications inMediterranean
landscapes where the resolution of current global soil moisture prod-
ucts is too large for the heterogeneous landscapes. In this study, we
were able to assess the impact of higher resolution SM products to
map irrigated areas. Also, thehigh resolution productwas shown to pro-
vide soil moisture estimates in better agreement with the LSM than the
original product. The assessment of the high resolution was probably
limited by the fact that the grid of the LSM is of lower spatial resolution
than the disaggregated product.
In future studies it would be desirable to use the diffusion version of
ISBA (ISBA-DIF) with which it would be easier to integrate the soilwetness of the ﬁrst few centimetres of the soil, and not only of the
ﬁrst very thin layer that we have used in this study. This would make
the results more comparable.Acknowledgements
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